









There	 is	 a	 lack	 of	 information	 on	 optimal	 measurement	 configuration	 of	 hyperspectral	8	
imagers	 for	 on-line	 measurement	 of	 a	 wheat	 canopy,	 this	 paper	 aims	 at	 identifying	 this	9	
configuration	using	a	passive	sensor	(400-750	nm).	The	individual	and	interaction	effects	of	10	
camera	height	and	angle,	sensor	integration	time	and	light	source	distance	and	height	on	the	11	
spectra’s	 signal-to-noise	 ratio	 (SNR)	were	evaluated	under	 laboratory	 scanning	conditions,	12	
from	which	an	optimal	configuration	was	defined	and	tested	under	on-line	field	measurement	13	
conditions.	The	influences	of	soil	total	nitrogen	(TN)	and	moisture	content	(MC)	measured	14	
with	 an	 on-line	 visible	 and	 near	 infrared	 (vis-NIR)	 spectroscopy	 sensor	 on	 SNR	were	 also	15	
studied.	 Analysis	 of	 variance	 and	 principal	 component	 analysis	 (PCA)	 were	 applied	 to	16	
understand	 the	 effects	 of	 the	 laboratory	 considered	 factors	 and	 to	 identify	 the	 most	17	
influencing	components	on	SNR.		18	
Results	 showed	 that	 integration	 time	 and	 camera	 height	 and	 angle	 are	 highly	 influential	19	
factors	affecting	SNR.	Among	 integration	 times	of	10,	20	and	50	ms,	 the	highest	SNR	was	20	
obtained	with	1.2	m,	1.2	m	and	10°	values	of	light	height,	light	distance	and	camera	angle,	21	














treatment,	 reducing	 infection	and	minimising	 the	 losses	 to	yield	and	quality.	Traditionally,	34	
disease	detection	is	carried	out	manually,	which	is	costly,	time	consuming	and	requires	special	35	
expertise	 (Schmale	 &	 Bergstrom,	 2003;	 Bock	 et	 al.,	 2010).	 Developments	 in	 agricultural	36	
technology	have	led	to	demands	for	a	non-destructive,	automated	approach	for	crop	disease	37	
detection	 that	 should	 be	 ideally	 rapid,	 disease	 specific,	 and	 sensitive	 to	 early	 symptoms	38	
(López	et	 al.,	 2003).	Optical	 sensing	methods	 are	non-destructive,	 allowing	 repeated	data	39	
acquisition	throughout	the	growing	season	without	inhibiting	crop	growth.	Spectroscopy	and	40	
imaging	techniques	have	been	used	in	disease	and	stress	monitoring	(Hahn,	2009).	However,	41	
their	 in-situ	 application	 although	 established	 in	 other	 industries	 (e.g.	 health	 services,	42	
pharmacology	and	food	safety)	is	still	rather	limited.	Both	Lenk	et	al.	(2007)	and	Sankaran	et	43	
al.	 (2010)	 focused	 on	 implementing	 the	 technology	 in	 the	 field,	 as	 a	 mobile	 (on-line)	44	
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Lee	 (2009)	 collected	 in	 situ	 hyperspectral	 images	 for	 the	 detection	 of	 green	 citrus	 fruits,	50	
reporting	 promising	 results	 for	 identification	 of	 citrus	 fruits	 from	 background	 objects.	 In	51	
contrast,	non-mobile	 (off-line)	and	 laboratory	methods	 for	disease	classification	and	plant	52	
growing	conditions	have	been	studied	and	demonstrated	(Roggo	et	al.,	2003;	Wu	et	al.,	2008).	53	
Hahn	 (2009)	 claims	 that	 spectroscopic	 and	 imaging	 techniques	 could	 be	 integrated	 with	54	
agricultural	 vehicles,	 providing	 non-invasive	 and	 reliable	 systems	 for	 the	 monitoring	 and	55	
mapping	of	crop	diseases,	with	further	potential	for	early	disease	detection.	Moshou	et	al.	56	
(2005)	 have	 shown	 that	 hyperspectral	 imaging	 for	 the	 recognition	 of	 in-situ	 disease	 can	57	
provide	identification	with	a	high	degree	of	accuracy.	Depending	on	the	method	of	analysis	58	
and	data	fusion,	an	error	between	1	-	16.5%	was	reported.		59	




1998).	 Plant	 species,	 maturity,	 phenology,	 level	 of	 foliage	 and	 nutrient	 status	 are	 plant	64	
properties	 affecting	 reflectance	 (Asner,	 1998;	 Coops	 et	 al.,	 2003;	 Gnyp	 et	 al.,	 2014).	65	


















variable.	 When	 applying	 a	 spectral	 technique	 to	 a	 forward	 moving	 platform	 (on-line	82	
measurement)	 longer	 integration	 times	 result	 in	 an	 average	 spectrum	over	 a	 larger	 area,	83	
reducing	the	sensitivity.	Furthermore,	the	greater	the	distance	between	the	camera	and	its	84	













of	 a	 wheat	 plant	 canopy	 captured	 with	 a	 hyperspectral	 line	 imager.	 Furthermore,	 the	96	
influence	of	on-line	measured	soil	MC	and	TN	on	SNR	of	plant	spectra	collected	on-line	in	the	97	
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with	 Schneider-Kreuznach	 XNP1.4/23	 lens	 and	 has	 a	 pixel	 pitch	 of	 7.4	 μm	112	
interpolated/averaged	to	0.6	nm	readings	with	a	spectral	range	of	400	-	750	nm.	The	reflected	113	
light	 from	 the	 target	 travels	 through	 the	 lens,	 past	 an	 entrance	 slit	 through	 a	 series	 of	114	
inspector	 optics	 in	 the	 spectrograph	 and	 then	 split	 by	 the	 prism	 dispersing	 element	 into	115	





target	 must	 be	 captured	 (Gilden	 Photonics	 Ltd,	 Glasgow,	 UK).	 When	 configured	 on	 a	121	
consistent	moving	platform,	the	imager	sweeps	across	an	area	to	build	up	an	image.	Due	to	122	
practical	 restraints	of	applying	a	consistent	moving	platform	the	spectraSENS	v3.3	 (Gilden	123	





to	 remove	 any	 interference.	 Before	 data	 analysis,	 the	 collected	 scans	 were	 corrected	 by	129	
means	of	a	dark	and	white	reference,	which	were	collected	just	before	spectral	capture,	and	130	










is	 shown	 in	 Figure	1.	 For	 the	 indoor	environment,	 two	500	watt	diffused	broad	 spectrum	139	










Having	 determined	 a	 suitable	 configuration	 in	 the	 laboratory	 the	 next	 experiments	 were	150	
designed	to	apply	 the	configurations	 to	a	 field	environment,	and	assess	 the	 impact	of	 the	151	
































properties.	 The	 system	 consists	 of	 a	 subsoiler,	 opening	 a	 smooth	 trench	 at	 15	 cm	 depth	180	
(Mouazen	 et	 al.,	 2005).	 The	 sensor	 was	 mounted	 on	 a	 three-point	 linkage	 of	 a	 tractor	181	
travelling	at	a	speed	of	3	km	h-1	and	collecting	spectral	soil	data	at	10	m	parallel	intervals.	In	182	







The	 same	 hyperspectral	 imager	 (Gilden	 Photonics	 Ltd,	 Glasgow,	 UK)	 as	 that	 used	 in	 the	190	
laboratory	to	optimise	measurement	configuration	was	used	for	on-line	measurement	the	191	
wheat	 canopy	 in	 the	 field.	 The	 following	 hyperspectral	 measurement	 configuration	 was	192	
























unwanted	 interference.	 A	 strong	 signal	 devoid	 of	 interference	 is	 the	 desired	 outcome	 in	213	







images.	 Van	 der	Meer	 (2000)	 used	 a	method	 outlined	 by	 Lee	 (1990)	 for	 remote	 spectral	221	

















































SNRs	=	Ms/SDs		 	 	 	 	 	 	 	 	 	 (2)	267	
	268	
Where:	Ms	 is	mean	 reflectance	of	all	wavelengths	 in	a	 spectrum	 (a	 scan)	and	SDs	 is	mean	269	
standard	deviation	of	all	wavelengths	in	a	spectrum.		270	
The	 SNRs	was	 used	 in	 this	 study	 to	 evaluate	 the	 strength	 of	 scans,	 hence,	 the	 quality	 of	271	
spectral	signal.	It	is	worth	noting	that	SD	is	not	important	in	itself,	but	only	in	comparison	to	272	
the	mean.	While	convenient	and	straightforward,	the	deviation	is	a	statistic	doesn't	fit	well	273	
with	 the	 physics	 of	 how	 signals	 operate	 (Smith,	 1999).	 Therefore,	 a	 strong	 SNR	 with	274	
pronounced	absorption	peaks	provides	increased	recognition	for	the	association	of	spectral	275	
signatures	to	a	subject.		276	
A	 principal	 component	 analysis	 (PCA)	 was	 also	 undertaken	 on	 laboratory	 measured	277	




distribution	 of	 data	 in	multidimensional	 space	 (principal	 components)	 or	 similarity	maps,	280	
where	 similarities	 (within	 groups	 of	 variable)	 and	 differences	 between	 groups	 can	 be	281	
evaluated	(Dytham,	2011).	In	this	instance,	SNR,	integration	time,	light	height	and	distance,	282	
and	camera	angle	and	height	were	used	as	input	variables	for	the	PCA	analysis.	Additionally,	283	






























estimation	 of	 similarity	 is	 a	 more	 robust	 approach	 to	 adopt.	 To	 compare	 statistical	312	
relationship	 of	 pairs	 of	maps,	 Kappa	 statistics	 (Cohen,	 1960)	 analyses	were	 performed	 to	313	
calculate	Kappa	value	(κ),	using	SPSS	(Statistical	Package	for	the	Social	Sciences,	IBM,	Armonk,	314	
New	 York,	 USA).	 However,	 before	 running	 Kappa	 statistics	 data	 was	 subjected	 to	 raster	315	










Typical	 crop	 canopy	 spectra	 can	 be	 observed	 in	 Figure	 4,	 which	 shows	 clear,	 noisy	 and	324	
saturated	spectra.	The	clear	and	saturated	spectra	can	be	observed	to	be	more	pronounced,	325	
whereas	a	weak	absorption	in	the	spectral	signature	and	interference	in	the	noisy	spectrum	326	
leads	 to	 reduced	 quality,	 low	 SNR,	 masking	 detail	 in	 the	 signature	 and	 causing	 a	 loss	 of	327	
important	spectral	information	through	the	entire	spectral	range	studied.	The	clear	spectrum	328	
is	the	best	quality,	and	the	target	to	be	obtained.	The	noisy	spectrum	is	caused	by	the	low	329	
integration	 times,	 and	 greater	 distance	 of	 the	 Halogen	 light	 source.	 A	 strong	 SNR	 with	330	
pronounced	 absorption	 peaks	 would	 allow	 for	 a	 greater	 success	 in	 analysis	 of	 crop	331	














When	 analysing	 the	 entire	 spectral	 signature	 saturation	 causes	 a	 reduction	 in	 sensitivity.	344	
Therefore,	sensor	configurations	leading	to	saturated	spectral	data	were	removed	from	the	345	
analysis	of	SNR.	All	saturated	data	was	obtained	with	integration	time	of	1000	ms,	this	is	in	346	












energy	 to	 be	 captured	 by	 the	 spectrograph.	 The	 1000	ms	 configuration	 was	 the	 highest	357	












can	 alter	 slightly	 as	 ground	 is	 uneven,	 crop	 stands	 vary	 and	 unavoidable	 movement	 in	370	
mountings.	 It	 becomes	 necessary	 to	 have	 the	 optimal	 configurations	 set	 initially	 but	 to	371	
understand	 there	would	be	 slight	deviations.	A	NADIR	 camera	angle	was	 selected,	due	 to	372	
reports	from	Oberti	et	al.	(2014)	and	Van	Beek	et	al.	(2013).	373	
ANOVA	 showed	 that	 all	 individual	 variables	 and	 interactions	 of	 variables	 have	 significant	374	









group,	 which	 explains	 these	 to	 be	 closely	 related.	 Integration	 time	 shows	 the	 strongest	382	
influence	and	correlation	with	SNR,	whereas,	camera	height	demonstrates	the	second	closest	383	
corresponding	 variable	 on	 SNR	 with	 the	 latter	 having	 a	 weaker	 influence	 (Fig.	 5a).	 Light	384	
distance,	light	height	and	camera	angle	seem	to	have	only	minor	influences	on	SNR,	as	they	385	
make	 a	 separate	 group	 associated	 with	 PC2	 with	 minor	 variance	 associated	 with	 PC1.	386	








the	 close	 correlation	 between	 camera	 height	 and	 integration	 time	 shown	 in	 the	 PC1-PC2	395	
similarity	map	is	not	observed	in	the	PC1-PC3	similarity	map.	In	the	latter	similarity	map	(Fig.	396	
5b),	the	camera	angle	has	the	second	largest	influence	on	SNR	after	the	integration	time.	This	397	




























a	 straightforward	 process.	 However,	 when	 SNR	 values	 are	 arranged	 according	 to	 the	420	
integration	 time	 (Table	 2),	 a	 clear	 trend	 is	 observed.	 For	 example,	 SNR	 increased	 with	421	
integration	time,	where	the	highest	values	of	SNR	were	obtained	with	an	integration	time	of	422	
1000	ms,	 however,	 they	were	 only	marginally	 higher	 than	 the	 SNR	 values	 at	 50ms.	 Since	423	
several	 variable	 combinations	 resulted	 in	 similar	 SNR	 values,	 it	 is	 perhaps	 premature	 to	424	
suggest	the	optimal	configuration	as	the	single	highest,	so	configurations	with	SNR	variability	425	
of	 less	 than	 5%	 from	 the	 highest	 reading	 (of	 each	 integration	 time)	were	 considered	 for	426	
further	evaluation.	The	further	analysis	confirms	that	the	highest	SNR	occurs	with	the	same	427	




integration	 time	 steps	 of	 10,	 20,	 50	 and	 1000	 ms	 selected,	 a	 practical	 range	 for	 on-line	432	
measurement	is	between	10	ms	and	50	ms,	a	range	which	is	suggested	by	the	manufacturers.	433	
Assuming	that	the	best	 integration	time	for	practical	on-line	(mobile)	measurement	 in	the	434	
field	 is	 50	ms,	 the	 optimal	 configuration	 parameters	 of	 1.2	m,	 1.2	m,	 0.3	m	 and	 10°	 are	435	
recommended	for	light	height,	light	distance,	camera	height,	and	camera	angle,	respectively.	436	
The	average	SNR	for	 this	 integration	time	 is	1.669	 (seen	 in	 table	2),	which	 in	 reference	to	437	















crop	 canopy).	 On	 inspection	 of	 the	 data	 the	 camera	 height	 from	 the	 object	 affected	 the	451	
uniformity	of	light	intensity	measured	across	the	pixels,	(particularly	at	the	beginning	and	end	452	
of	 the	 captured	 line).	 Therefore,	 for	 calibrating	 the	 on-line	 hyperspectral	 scans,	 it	 is	453	
recommended	to	overcome	this	fluctuation	by	removing	the	first	and	last	320	pixels	from	the	454	




























1.688 0.102 1000 1.2 1.2 0.15 10 4  
1.669 0.160 50 1.2 1.2 0.30 10 0.2  
1.471 0.103 20 1.2 1.2 0.45 10 0.08  




































Landis	&	 Koch	 (1977)	 classified	 Kappa	 values	 into	 different	 categories:	 0–0.20,	 0.21–0.40,	491	





SNR	 was	 much	 higher	 (kappa	 =	 0.75)	 than	 that	 between	 TN	 and	 SNR	 map,	 confirming	497	
substantial	similarity	between	the	two	maps.	This	supports	the	earlier	suggestion	about	the	498	
influence	 of	 MC	 on	 soil	 deformation	 that	 changes	 the	 initial	 (optimal)	 hyperspectral	499	
measurement	 configuration	 obtained	 in	 the	 laboratory	 and	 implemented	 for	 on-line	500	
measurement	in	the	field.	In	order	to	reduce	the	negative	influence	of	soil	deformation	on	501	









This	 study	 was	 undertaken	 to	 determine	 an	 optimal	 measurement	 configuration	 of	 a	509	
hyperspectral	line	imager	(400-750	nm)	by	evaluating	the	individual	and	interaction	effects	of	510	
the	systems	configurations,	on	the	hyperspectral	calculated	SNR	for	measurement	of	a	wheat	511	





















implementation	of	a	proper	 spectra	pre-processing.	 It	 is	also	planned	 to	 implement	 these	531	
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